The conventional methods of application of nitrogen fertilizers might be responsible for the increased nitrate concentration in groundwater of areas dominated by irrigated agriculture. Appropriate water and nutrient management strategies are required to minimize groundwater pollution and to maximize nutrient use efficiency and production. Design and operation of a drip fertigation system requires understanding of nutrient leaching behavior in cases of shallow rooted crops such as potatoes which cannot extract nutrient from a lower soil depth. This study deals with neuro-fuzzy modeling of nitrate (NO 3 À ) leaching from a potato field under a drip fertigation system. In the first part of the study, a two-dimensional solute transport model was used to simulate nitrate leaching from a sandy soil with varying emitter discharge rates and fertilizer doses. The results from the modeling were used to train and validate an adaptive network-based fuzzy inference system (ANFIS) in order to estimate nitrate leaching. Two performance functions, namely mean absolute percentage error (MAPE) and correlation coefficient (R), were used to evaluate the adequacy of the ANFIS. Results showed that ANFIS can accurately simulate HYDRUS-2D behavior regarding nitrate leaching under the circumstances of the present study.
MATERIALS AND METHODS

Experimental details and measurements
The experiment was conducted at an agricultural exper- 
HYDRUS-2D
To model nitrate leaching from the potato field under drip fertigation, the computer simulation model, HYDRUS-2D (Simunek et al. ) was used. HYDRUS-2D simulates water and solute transport, which is either two-dimensional or axi-symmetrical three-dimensional, in soils. The model can be used under a wide variety of boundary conditions, inconsistent boundaries, and soil homogeneities or heterogeneities.
The equation for two-dimensional soil water flow in HYDRUS-2D is:
where θ is the volumetric soil moisture content (L 3 L À3 ), K functions as the unsaturated hydraulic conductivity (L T À1 ), h is the soil water pressure head (L), r is the lateral coordinate, z is the vertical coordinate, t is time (T), and WU (h, r, z) conveys root water absorption (T À1 ). K and WU are functions of θ and/or h. With subscripts r and z it is possible to include soil anisotropy to simulate water flow with the unsaturated hydraulic conductivity. Referring to the mass conservative iterative scheme suggested by Celia et al.
(), the numerical Galerkin finite element scheme was applied to solve Equation (1).
The solute transport equation in HYDRUS-2D, (Simunek et al. ), is depicted as:
where
, t is time (T), the subscripts i and j convey either r or z, and c is the nitrate concentration 
where A, B and C are fuzzy membership functions, x and y are inputs, f is the output of the FIS. The second FIS, suggested by Takagi, Sugeno and Kang (TSK), has an inference engine in which a weighted linear combination of the crisp inputs instead of a fuzzy set constitutes the conclusion of a fuzzy rule. Its structure is as follows:
where p, q and r are constant parameters (Takagi & Sugeno
; Sugeno & Kang ).
Adaptive network-based fuzzy inference system (ANFIS)
As Jang () states, ANFIS, as a multilayer feed-forward network, applies each node to both specifically direct the incoming signals and to work on a set of parameters connected with the relevant node. Similar to ANN, ANFIS is capable of mapping unseen inputs to their outputs by learning the rules from the previously seen data. A simple structure of this type of network having just two inputs of x and y and one output of f is shown in Figure 3 .
According to the figure, ANFIS contains five layers in its architecture including, the fuzzify layer, product layer, normalize layer, defuzzify layer, and total output layer.
Assuming just two membership functions for each of the input data x and y, the general form of a first-order TSK type of if-then fuzzy rule has been given by Equation (6).
Here, we rewrite the rule i of the ANFIS as:
where n is the number of rules and p i , q i and r i are the parameters determined during the training process. At the first stage of the learning process, the membership function (μ) of each of the linguistic labels A i and B i are calculated as follows: At the second layer which is the product layer, the previously calculated membership degrees of linguistic variables are multiplied as shown in Equation (9):
The third layer is the normalize layer, where the ratio of each weight to the total weight is calculated:
The fourth layer is the defuzzification layer with adaptive nodes, where their outputs depend on the parameter(s) pertaining to these nodes and the learning rule specifies how these parameters are altered to minimize the measured prescribed error. The relationship for these nodes is as follows:
Finally, in the fifth layer, the summation of all the incoming signals is performed where the output of the system is the final result:
where O i 5 is the output of Layer 5 and the output of the system ( Jang ).
According to Jang (), the learning in ANFIS is carried out by a hybrid algorithm. It consists of the gradient descent and the least-squares methods. Particularly, node outputs move forward up to Layer 4 in the forward direction of this algorithm and the least-squares method determines the consequent parameters. In the backward direction using back propagation algorithm, the error signals propagate backwards and using the gradient descent the premise parameters are updated.
Development of a fuzzy system for the prediction of nitrate leaching
In this study, we had two sets of input data: emitter discharge rate and fertilizer amount, and one set of output data: nitrate leaching. The emitter discharge rates and various amounts of fertilizer (KNO 3 ) were used as inputs and nitrate leached from an emitter was used as the output of ANFIS. The data set had a total of 528 data points. It was randomly divided into two smaller sets: a training data set (352 data points) and a testing data set (176 data points).
The aim of the training process was to minimize the error between the actual target and ANFIS output. This allows ANFIS to learn features observed from the training data and then to implement them in the system rules. In the performance phase, the test data were introduced into the learned system for evaluation. A test error having an adequately small value indicated the system's good gener- The use of Gaussian membership function shape is more common, and is that on which we have relied.
Figure 5 displays the shape of membership. In addition, for the logical operator AND, fuzzy operator product was used. Implication was performed with the product function, and aggregation with the maximization operation. Table 1 displays maximum, minimum, median, mean, variance, and standard deviation (SD) of variables.
RESULTS AND DISCUSSION
The correlation coefficient (R) and mean absolute percentage error (MAPE) between the estimated nitrate leaching values from HYDRUS-2D and the estimated nitrate leaching values from the ANFIS model were used to evaluate the performance of the ANFIS. The MAPE and R are denoted as below:
where Y while these values were 0.92 and 11.14 for the LR model (Tables 2 and 3 ). Higher performances of the ANFIS model were due to its greater degree of robustness, nonlinearity handling ability, and fault tolerance than those of the traditional statistical models such as LR.
With regard to Figure 4 , perhaps if we use the two-line LR model (one for low values of emitter discharge, and the second for the rest), we can improve the performance criteria values.
To the best of our knowledge no other study has investigated solute transport through the FIS on a field scale. for this fact is that fewer rules were needed at the end of the breakthrough curve since the concentration was almost constant. Therefore, by optimizing the rules, the accuracy of the fuzzy model could be improved. One of the ways for optimizing the rules is using artificial neural nets to improve the assessment of the membership functions in the fuzzy rules (Muster et al. ) . ANFIS as a matter of fact uses ANN properties to tune the membership functions. In their system, they selected only a triangular membership function. In this study, regarding the existence of different methods (grid partitioning and clustering methods), for the construction of the membership functions and the adjustment of their parameters, it seems that the membership functions can be both opted and adjusted more accurately in ANFIS.
Furthermore, the rule structure is predetermined by an expert person for the fuzzy rule-based models. In practice, these models may not perform satisfactorily due to limited knowledge of the experts and improper selection of membership parameters (Jang et al. ) . In the proposed ANFIS methodology, the parameters are tuned automatically during the learning stage. This means that the membership functions can properly represent the nonlinear behavior of the system being studied with an optimal performance.
Compared with HYDRUS-2D, ANFIS significantly decreases the calculation time. For example, to run HYDRUS-2D for a 3,000 h period, it might take several hours; whereas, the system proposed here decreases the calculation time to several minutes. HYDRUS-2D needs a high amount of input parameters, some of which it is not possible to measure accurately. Also, the input parameters have a higher or lower degree of uncertainty. For example, in HYDRUS-2D, the input parameter evapotranspiration must be divided into evaporation and transpiration using other models. HYDRUS-2D needs input of the hydraulic properties of the soil such as the saturated and the unsaturated hydraulic conductivity, measurement of which is difficult and time consuming.
CONCLUSION
Relying on the data from the HYRDUS-2D simulation, a new application of the ANFIS to predict nitrate leaching from a potato field under drip fertigation was presented. Performance criteria values (between the outputs of ANFIS and HYDRUS-2D models) showed that the overall accuracy of the ANFIS model is high and that ANFIS can accurately simulate HYDRUS-2D behavior, related to nitrate leaching under the circumstances of the present study. 
